A transformer is the most valuable and expensive property for power utility, thus ensuring its reliable operation is a major task for both operators and researchers. Online impulse frequency response analysis has proven to be a promising technique for detecting transformer internal winding mechanical deformation faults when a power transformer is in service. However, as so far, there is still no reliable standard code for frequency response signature interpretation and quantification. This paper tries to utilize a machine learning method, namely the support vector machine, to identify and classify the winding mechanical fault types, based on online impulse frequency response analysis. Actual transformer fault data from a specially manufactured model transformer are collected and analyzed. Two feature vectors are proposed and the diagnostic results are predicted. The diagnostic results indicate the satisfied classifying accuracy by the proposed method.
Introduction
The power transformer is regarded as one of the most valuable facilities in power substations; it is significant to ensure its stable, reliable and safe operation [1] . However, the installation time of most power transformers worldwide dates back to the 1980s and they are reaching their deadline of designed life cycle [2, 3] . It is also reported in many studies that the failure rate of power transformers has recently increased globally. Normally, transformer internal faults including the electrical insulation faults and the winding mechanical faults are key internal factors to induce the transformer failure. Winding mechanical faults, namely winding deformation (such as tilting, forced bulking, free buckling, hoop tension, telescoping, etc.), are difficult to detect at an early stage because they have limited impact on the normal operation of power transformers [4] . However, as the transformer continues to operate and suffers the external short circuit current, the minor winding mechanical fault would eventually develop catastrophic failure if no steps are taken. The condition monitoring technique makes it possible to detect the winding incipient mechanical faults when the transformer is in service [5, 6] . Thus, it is tremendously necessary to timely detect and diagnose the winding mechanical deformation faults, especially with the online technique.
Frequency response analysis (FRA), firstly introduced by Dick and Erven [7] , has been developed as a widely accepted tool for the last decades, due to its reliable, fast, economic, and non-destructive features [8] . The transformer winding is proven to be equivalent of an electrical network consisting in [26] . More detailed information about the diagnostic system and the practical application can be found in [19, 27] . In the online IFRA test, both the excitation nanosecond pulse signals and the response pulse signals of windings are simultaneously recorded to construct the IFRA signature of a transformer to estimate the status of windings, as expressed in Equations (1)-(3) [28] [29] [30] . where Vin(n) is the N points sampling signal of the time domain excitation voltage, Vin(k) is the fast Fourier transformation of Vin(n); Rout(n) is the N points sampling signal of the time domain response voltage/current; Rout(k) is the fast Fourier transformation of Rout(n); the H(f) is the online impulse frequency response signature (amplitude versus frequency).
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Experimental Setup
In this paper, we have established a test platform for simulating the real winding deformation faults, a specially manufactured model transformer is adopted to perform all experiments. The model transformer is a three-phase core type transformer with a voltage ratio of 10/0.4 kV and a rated power of 400 kVA. The vector group of winding is YNyn0 and the rated frequency is 50 Hz. Particularly, the internal configuration of the model transformer is designed as that of a 110 kV power transformer, as shown in Figure 2 . The HV winding is designed as the disk type with a numbers of 30 disks, the upper and lower 10-disk windings are an interleaved twist, while the middle 10 disks are a sequential twist. The LV winding is designed as the layer type with 6 layers. The transformer manufacturer also produced some windings with variable deformations, which are used to replace the middle 10-disk windings to simulate the winding radial deformation (RD) faults. Despite the fact that the RD windings are not the windings in which the deformation is directly produced in the replaced healthy In the online IFRA test, both the excitation nanosecond pulse signals and the response pulse signals of windings are simultaneously recorded to construct the IFRA signature of a transformer to estimate the status of windings, as expressed in Equations (1)-(3) [28] [29] [30] .
where V in (n) is the N points sampling signal of the time domain excitation voltage, V in (k) is the fast Fourier transformation of V in (n); R out (n) is the N points sampling signal of the time domain response voltage/current; R out (k) is the fast Fourier transformation of R out (n); the H(f ) is the online impulse frequency response signature (amplitude versus frequency).
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Experimental Setup
In this paper, we have established a test platform for simulating the real winding deformation faults, a specially manufactured model transformer is adopted to perform all experiments. The model transformer is a three-phase core type transformer with a voltage ratio of 10/0.4 kV and a rated power of 400 kVA. The vector group of winding is YNyn0 and the rated frequency is 50 Hz. Particularly, the internal configuration of the model transformer is designed as that of a 110 kV power transformer, as shown in Figure 2 . The HV winding is designed as the disk type with a numbers of 30 disks, the upper and lower 10-disk windings are an interleaved twist, while the middle 10 disks are a sequential twist. The LV winding is designed as the layer type with 6 layers. The transformer manufacturer also produced some windings with variable deformations, which are used to replace the middle 10-disk windings to simulate the winding radial deformation (RD) faults. Despite the fact that the RD windings are not the windings in which the deformation is directly produced in the replaced healthy winding, there is a difference between RD windings and the healthy windings. However, the effect of RD is much more significant than that of the difference between the windings. The changing trend of the FRA signature of simulated RD windings is similar to the actual RD cases [23] . Thus, it is meaningful to simulate RD by replacing the healthy winding with a new artificially manufactured RD winding.
Energies 2017, 10, 2022 winding, there is a difference between RD windings and the healthy windings. However, the effect of RD is much more significant than that of the difference between the windings. The changing trend of the FRA signature of simulated RD windings is similar to the actual RD cases [23] . Thus, it is meaningful to simulate RD by replacing the healthy winding with a new artificially manufactured RD winding. Three typical winding mechanical deformation fault types including winding RD, inter-disk short circuit (SC), fault and disk space variation (DSV) fault are simulated, in which the healthy windings are replaced or set up.
An inter-disk SC fault is realized by shortening the connectors of the middle sequential twist windings; the more connectors are being shortened, the more the severity of the inter-disk SC fault is emulated.
The image of the winding RD fault is shown in Figure 3 . In Figure 3a , d represents the amount of RD which is a variable, θ represents the angle which is fixed at 45°, the ratio of d and the winding radius r are set to be 5%, 7% and 10% to emulate the different degree of RDs produced at one direction. There are also other RD fault windings in which the faults are manufactured at different directions, but the ratio of d and r is fixed at 5%, as shown in Figure 3b .
The DSV fault normally produces the variation of inter-disk capacitance and mutual inductance, however, it has been revealed that the capacitance parameter dominates the effect and this fault could be emulated by changing the inter-disk capacitance parameter [31] . A capacitance is then connected with the connectors of two continuous disks for simulating the DSV fault. The degree of fault is emulated by increasing and decreasing the capacitance value, and the fault location is emulated by changing the sequence numbers of two connectors.
All winding deformation faults were emulated in phase A of the model transformer. In each fault status, following the wiring instruction of Figure 1 , 50 groups of the experiment were performed by the detection apparatus with the transformer energized by a three-phase symmetric power source in the HV side. The amplitude of the excitation pulse was 1 kV and the pulse width was 600 ns. The nanosecond pulse was coupled into the transformer winding by CCS, and the response current was measured in the grounded neutral line. The measured 50 groups' data in the same fault status were averaged to reduce the impact of external noise. The online IFRA signatures in each fault status were then obtained by transforming the time domain signal to the frequency domain, and used for fault diagnosis. Three typical winding mechanical deformation fault types including winding RD, inter-disk short circuit (SC), fault and disk space variation (DSV) fault are simulated, in which the healthy windings are replaced or set up.
The image of the winding RD fault is shown in Figure 3 . In Figure 3a , d represents the amount of RD which is a variable, θ represents the angle which is fixed at 45 • , the ratio of d and the winding radius r are set to be 5%, 7% and 10% to emulate the different degree of RDs produced at one direction. There are also other RD fault windings in which the faults are manufactured at different directions, but the ratio of d and r is fixed at 5%, as shown in Figure 3b .
All winding deformation faults were emulated in phase A of the model transformer. In each fault status, following the wiring instruction of Figure 1 , 50 groups of the experiment were performed by the detection apparatus with the transformer energized by a three-phase symmetric power source in the HV side. The amplitude of the excitation pulse was 1 kV and the pulse width was 600 ns. The nanosecond pulse was coupled into the transformer winding by CCS, and the response current was measured in the grounded neutral line. The measured 50 groups' data in the same fault status were averaged to reduce the impact of external noise. The online IFRA signatures in each fault status were then obtained by transforming the time domain signal to the frequency domain, and used for fault diagnosis. 
Experimental Results
Fifteen groups of inter-disk SC fault were emulated. The detailed experimental setup is shown in Table 1 in which the connector 1~6 represents the connector number of the middle sequential twist windings being seen from top to bottom, as shown in Figure 3a . The IFRA signature under each fault status is obtained with the online IFRA apparatus. Some cases of IFRA signatures under inter-disk SC fault are presented in Figure 4a . It is noted that in reference to [15, 20, 25] the low frequency band of the online IFRA signature is dominated by the bushing characteristic, and the actual experimental results indicate that the signature in this frequency band is easily disturbed by the external disturbance such as noise, etc., therefore, only the frequency bands of 100-1000 kHz on the signature were analyzed. In the typical cases of Figure 4a , compared with the healthy signature, IFRA signatures of the inter-disk SC fault were different throughout the entire frequency band; additionally, the variation of signatures was much more notable as the fault degree increases.
Considering that the combination of simulated RD status is extensive, the numbers of inter-disk SC fault, 16 groups of winding RD are emulated. The detailed experimental setup is shown in Table 2 in which the position A~E is the location of deformed winding in the middle sequential twist winding, as shown in Figure 3a . Variable deformed disk numbers, fault degree, fault directions and fault locations of RD windings are emulated, and the online IFRA signature in each fault status is obtained. Figure 4b shows some typical cases of online IFRA signatures under simulated RD faults in which all of the middle 10 disks' healthy windings are replaced by RD fault windings with degrees of 5%, 7% and 10%, all in one direction. It concludes that RD has small impact on the resonant frequency of IFRA signature within 600 kHz, but has induced the variation of resonant frequency in high frequency bands, new resonance and anti-resonance are created around 700 kHz. 
Considering that the combination of simulated RD status is extensive, the numbers of inter-disk SC fault, 16 groups of winding RD are emulated. The detailed experimental setup is shown in Table 2 in which the position A~E is the location of deformed winding in the middle sequential twist winding, as shown in Figure 3a . Variable deformed disk numbers, fault degree, fault directions and fault locations of RD windings are emulated, and the online IFRA signature in each fault status is obtained. Figure 4b shows some typical cases of online IFRA signatures under simulated RD faults in which all of the middle 10 disks' healthy windings are replaced by RD fault windings with degrees of 5%, 7% and 10%, all in one direction. It concludes that RD has small impact on the resonant frequency of IFRA signature within 600 kHz, but has induced the variation of resonant frequency in high frequency bands, new resonance and anti-resonance are created around 700 kHz. Fifteen groups of DSV fault were emulated. The detailed experimental setup is shown in Table 3 in which the connectors 1~4 have the same meaning as those in Table 1 , for simulating different fault locations. As for the degree, the numerical value indicates the percentage of the paralleled capacitance to the capacitance of the adjacent healthy disk, in which the capacitance of the adjacent healthy disk is calculated to be approximately 2 nF based on the finite element method. Cases of online IFRA signatures under simulated DSV faults are shown in Figure 4c , in which the degrees of 20%, 30% and 40%, corresponding to the capacitances of 400 pF, 600 pF and 800 pF, are paralleled with the third and fourth connector of the middle sequential twisted disks. Compared with the healthy signature, the faulty IFRA signature changes notably beyond 250 kHz. The signature shifts toward the low frequency band, which shows a significant difference from the effect of inter-disk SC fault. Furthermore, as the fault level increases, the variation of faulty signature becomes more remarkable. 
Feature Extraction from IFRA Signature
In this paper, we have utilized two indicators extracted from IFRA signatures for fault identification. Winding mechanical deformation normally induces the variation of the IFRA signature, the information of variation should be specially focused and used to interpret the 
In this paper, we have utilized two indicators extracted from IFRA signatures for fault identification. Winding mechanical deformation normally induces the variation of the IFRA signature, the information of variation should be specially focused and used to interpret the signature. Physically, when an equivalent electrical model of a winding produces series resonance, a peak will be generated in the IFRA signature; when an equivalent electrical model produces parallel resonance, a valley will be generated in the IFRA signature [32] . The resonance and anti-resonance are really matters of the IFRA signature, and the resonant frequency can be a key diagnosis indicator. Statistically, the variation of IFRA signatures is revealed in their shape and trend, all points of the IFRA signature can be calculated. Common statistical indicators for FRA diagnosis range from relative factor (RF), correlation coefficient (CC), area, mean square error (MSE), etc. [33] . The RF and CC represent the similarity degree of two signatures; there might exist a negative number when the difference of two signatures is remarkable, and the minus sign indicates the relevant direction. Nevertheless, MSE reflects the overall difference between the two FRA data, which is always positive numerical; and this positive feature makes MSE suitable for the parameter of intelligent algorithm.
Indicator of Resonant Frequency Variation
For the indicator of resonant frequency variation (IRFV), the original IFRA data are initially imported into a digital filter for inhibiting the effect of external uncontrollable factors on masking the real resonance and anti-resonance and diminishing the existence of fake resonance and anti-resonance. Particularly, a linear fitting moving average method is adopted to smooth the larger burrs. All resonance and anti-resonance can be extracted and obtained from an IFRA signature by analyzing the neighboring three IFRA points. For example, scanning all IFRA data from the low frequency to the high frequency, if both X k−1 and X k+1 are smaller than X k , X k should be a resonance; if both X k−1 X k−1 and X k+1 are larger than X k , X k should be an anti-resonance.
The measured signature and the healthy signature should be compared after extracting all resonant points. The resonant points of the healthy signature (fingerprint) are regarded as bases, and then, the corresponding resonant points of the measured signatures are compared on a case-by-case basis. Each IRFV is obtained based on the following definition and expression. Figure 5 shows three typical situations of resonant point variation in the "frequency domain", including an offset resonant point, missing resonant point and extra resonant point. Here, the "frequency domain" of the analyzed resonant point, is defined as the frequency range constructed by its neighboring two resonant points in the fingerprint. Figure 5 shows the case of a local maximum resonant point to be analyzed. "Offset resonant point" indicates that there exists one local maximum resonant point on the measured IFRA signature within the "frequency domain"; "missing resonant point" implies that there is no local maximum resonant point on the measured signature within the "frequency domain"; and "extra extreme point" means that there is more than one local maximum resonant point within the "frequency domain".
For the situation of an offset resonant point, the winding mechanical deformation will generally alter the resonant frequency of the measured IFRA signature, compared to that of the healthy signature. If the measured IFRA signature is offset within the "frequency domain", the IRFV can be calculated according to Equation (4),
where f k ' and f k are the resonant frequency of k-th resonant point on the measured IFRA signature and the healthy IFRA signature, respectively. IRFV k is the indicator of resonant frequency variation. For the occurrence of a minor winding deformation, the resonant point of the measured signature will slightly shift; this indicator of offset resonant frequency is typically less than 1 in the analyzed "frequency domain". However, for the obvious and significant winding deformation, the measured IFRA signature will be missing or extra within the "frequency domain", and the recommended indicator value can be 1, as shown in Equation (5),
Each IRFV of the measured signature compared with its fingerprint is obtained, a feature vector can be constructed and its dimension is equal to the numbers of resonant points. The vector is then used as the input parameter for the further fault diagnosis and identification based on the advanced machine learning algorithm.
Indicator of Mean Square Error
For the indicator of mean square error (IMSE), its mathematical expression is defined in Equation (6), where xi and yi are the gain of the healthy IFRA signature and the measured IFRA signature, respectively, n is the number of the IFRA data in the designated frequency range.
According to the diversity of morphological characteristics for online IFRA signatures in different frequency ranges, the signature can be divided into the low, medium and high frequency band for a more accurate discrimination result. All IFRA signatures, obtained from 46 groups of experiment in Section 3, are processed. For each fault status, the IMSE of healthy and measured signatures in sub-frequency range are calculated, respectively. Namely, the IMSEl, IMSEm and IMSEh are derived. These indicators are plotted in a three-dimensional graph, as shown in Figure 6 . The three axis of graph represent the value of IMSEl, IMSEm and IMSEh, respectively. It is concluded from Figure 6 that the distribution of IMSE which corresponds to the RD fault is gathered, while the distributions of IMSE which correspond to the inter-disk SC and DSV fault are dispersed. The reason is that when the interval of fault extent is large for simulating these two types of winding fault. For the occurrence of a minor winding deformation, the resonant point of the measured signature will slightly shift; this indicator of offset resonant frequency is typically less than 1 in the analyzed "frequency domain". However, for the obvious and significant winding deformation, the measured IFRA signature will be missing or extra within the "frequency domain", and the recommended indicator value can be 1, as shown in Equation (5),
For the indicator of mean square error (IMSE), its mathematical expression is defined in Equation (6),
where x i and y i are the gain of the healthy IFRA signature and the measured IFRA signature, respectively, n is the number of the IFRA data in the designated frequency range. According to the diversity of morphological characteristics for online IFRA signatures in different frequency ranges, the signature can be divided into the low, medium and high frequency band for a more accurate discrimination result. All IFRA signatures, obtained from 46 groups of experiment in Section 3, are processed. For each fault status, the IMSE of healthy and measured signatures in sub-frequency range are calculated, respectively. Namely, the IMSE l , IMSE m and IMSE h are derived. These indicators are plotted in a three-dimensional graph, as shown in Figure 6 . The three axis of graph represent the value of IMSE l , IMSE m and IMSE h , respectively. It is concluded from Figure 6 that the distribution of IMSE which corresponds to the RD fault is gathered, while the distributions of IMSE which correspond to the inter-disk SC and DSV fault are dispersed. The reason is that when the interval of fault extent is large for simulating these two types of winding fault. However, the distributions of IMSE for inter-disk SC and DSV in 3D graph are apparently different, and both distributions are different from that of RD. Thus, a vector consisting of IMSE l , IMSE m and IMSE h can be used for fault identification, as shown in Expression (7).
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However, the distributions of IMSE for inter-disk SC and DSV in 3D graph are apparently different, and both distributions are different from that of RD. Thus, a vector consisting of IMSEl, IMSEm and IMSEh can be used for fault identification, as shown in Expression (7).
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Application of Support Vector Machine to Diagnose Winding Fault Types
Procedure of Identifying Winding Fault Types
SVM has recently been expanded as an emerging machine learning algorithm, which improves the generalization capability of learning machines by seeking the minimum of structural risk, and realizing the minimum of empirical risk and fiducial range. It has particular advantages of solving the classification problem of small-scale samples, non-linearity, and high-dimension. In this paper, the SVM is used for identification of transformer mechanical fault types, wherein the model of fault identification is built by training the sample data.
The process of fault identification is shown in Figure 7 . As previously described in Section 4, the online IFRA signatures of healthy windings and deformed windings are pre-processed, and the indicators of resonant frequency variation and mean square errors are calculated, respectively. Fortysix groups of testing data are divided into two groups, namely a training set and a testing set. The construction method of two sets is specifically explained in Section 5.2. The training set is adopted to train the SVM model. The training step is constantly continued until the accuracy rate is satisfied, and the SVM model is obtained. The testing set is then input into the SVM model, and the diagnosis result of the winding mechanical fault types is printed out. 
Application of Support Vector Machine to Diagnose Winding Fault Types
Procedure of Identifying Winding Fault Types
The process of fault identification is shown in Figure 7 . As previously described in Section 4, the online IFRA signatures of healthy windings and deformed windings are pre-processed, and the indicators of resonant frequency variation and mean square errors are calculated, respectively. Forty-six groups of testing data are divided into two groups, namely a training set and a testing set. The construction method of two sets is specifically explained in Section 5.2. The training set is adopted to train the SVM model. The training step is constantly continued until the accuracy rate is satisfied, and the SVM model is obtained. The testing set is then input into the SVM model, and the diagnosis result of the winding mechanical fault types is printed out. For the SVM, the common kernel function includes polynomial, radial basis function (RBF), Sigmoid function and B-Spline, et al. [34] . Vapnik believes that different kernel function has little impact on the performance of SVM [35] , the most frequently used RBF has been chosen as the kernel function, and its function is expressed in Equation (8). 
The parameter g of RBF and penalty coefficient C of SVM are significant factors to influence the performance of SVM, their initial value are unknown. The grid searching and cross validation algorithm are used to realize the parameter optimization. The grid searching is a trial of various possible (C, g), while in the cross validation, the training set is divided into n parts equally; n − 1 parts of them are regarded as the training data, the rest one part is the testing data. Repeat n times operations, obtain the accuracy rate of SVM identification each time and further calculate the average accuracy rate. The optimized (C, g) corresponds to the highest average accuracy rate among various (C, g).
Construction of Training Set and Testing Set
For the indicator of the resonant frequency variation, both the training set and testing set are constructed according to Expression (9) . In the expression, s represents the inter-disk SC fault, n indicates the number of training set or testing set for short circuit; r represents the RD fault, m indicates the number of training set or testing set for RD; c represents the DSV fault, q indicates the number of training set or testing set for DSV. k is the dimension of feature vector, decided by the numbers of resonant points of healthy IFRA signature. The value of k is 8 for the model transformer. In the training set, both n and q are 10, m equals to 11; the training set is a matrix with 31 rows and eight columns. In the testing set, n, m and q are 5; the testing set is a matrix with 15 rows and eight columns. For the SVM, the common kernel function includes polynomial, radial basis function (RBF), Sigmoid function and B-Spline, et al. [34] . Vapnik believes that different kernel function has little impact on the performance of SVM [35] , the most frequently used RBF has been chosen as the kernel function, and its function is expressed in Equation (8) .
For the indicator of the resonant frequency variation, both the training set and testing set are constructed according to Expression (9) . In the expression, s represents the inter-disk SC fault, n indicates the number of training set or testing set for short circuit; r represents the RD fault, m indicates the number of training set or testing set for RD; c represents the DSV fault, q indicates the number of training set or testing set for DSV. k is the dimension of feature vector, decided by the numbers of resonant points of healthy IFRA signature. The value of k is 8 for the model transformer. In the training set, both n and q are 10, m equals to 11; the training set is a matrix with 31 rows and eight columns. In the testing set, n, m and q are 5; the testing set is a matrix with 15 rows and eight columns. 
For the indicator of mean square error, both the training set and testing set are constructed according to Expression (10) . In this expression, s, n, r, m, c and q have the same meaning as those in Expression (9) . L represents the low frequency band, M indicates the medium frequency band and H means the high frequency band. In the training set, both n and q are 10, m equals to 11; the training set is a matrix with 31 rows and three columns. In the testing set, n, m and q are five; the testing set is a matrix with 15 rows and three columns. Additionally, for avoiding the interference of human factors on selecting the training set and the testing set, the data of the training set should be selected randomly, and the rest of test sample should form the testing set.
Diagnostic Result
For the indicator of resonant frequency variation, the diagnostic result of a typical testing set by SVM is shown in Table 4 . It can be seen that the diagnostic accuracy rate of the inter-disk SC, RD and DSV is 100%, 80% and 80%, respectively; the average accuracy rate is 86.7%. In addition, a total of 10 groups' combinations of training and testing sets are randomly constructed from the experimental data, and the identification accuracy rate is shown in Table 5 . It concludes that the diagnostic accuracy rate of most groups reaches 75% above, and the overall average accuracy rate is 78.1%, which indicates a satisfied diagnostic result obtained by SVM algorithm.
For the indicator of the mean square error, similarly, the diagnostic result of a typical testing set by SVM is shown in Table 6 . Table 6 shows the diagnostic accuracy rate of SC, RD and DSV is 100%, 100% and 80%, respectively; the average accuracy rate is 93.3%. In addition, a total of 10 groups' combinations of training and testing sets are randomly constructed from the experimental data, and their identification accuracy rate is shown in Table 7 . The diagnostic accuracy rate of most groups reaches 80% above, and the overall average accuracy rate is 83.3%, which also demonstrates a satisfied diagnostic result obtained by SVM algorithm. 
Comparison of Two Indicators
The dimension of the feature vector consisting of IRFV depends on the resonant frequency of IFRA signature, for the tested model transformer, the number of resonance and anti-resonance is eight, thus, this dimension is eight However, for the transformer of different rating and capacity, the IFRA signatures are dependent of transformer parameters and obviously different from each other. Although the IRFV indicator includes the detailed information of transformer winding, the dimension of IRFV feature vector can be variable, which increases the complexity of identification by SVM. Further modification should be applied to improve the generalization performance of IRFV indicator.
Additionally, the dimension of the feature vector consisting of IMSE is fixed at three for different transformers; the trained SVM model can be easily upgraded by adding the new frequency response data of other transformers. Although the indicator of resonant frequency variation contains more information, the indicator of mean square error seems more suitable for identifying and classifying the actual transformer internal mechanical faults.
Conclusions and Future Work
This paper utilizes the highly intelligent SVM to identity the fault types of transformer winding mechanical deformations. To validate the proposed method by real transformer fault data, a test bed that includes a specially manufactured model transformer is proposed to simulate the winding deformation faults, including the inter-disk SC fault, RD and DSV. 46 groups of online IFRA signatures are obtained with the model transformer energized, the shape characteristic and variation pattern of typical IFRA signatures are analyzed in each faulty circumstance.
Two indicators that separately correspond to the physical essence and data statistics are introduced for constructing the feature vector, including the indicator of resonant frequency variation and the indicator of mean square error. The indicator of resonant frequency variation is calculated in the defined "frequency domain", while the distribution characteristic of the mean square error in sub-frequency band is presented in the three dimensional space to obtain the feature vector.
Finally, the case study of SVM algorithm for identification is presented. The training set and testing set are randomly chosen from the sample data. For the indicator of resonant frequency variation, the average accuracy rate of ten groups' testing sets is 78.1%, while for the indicator of mean square error; the average accuracy rate reaches 83.3%, which shows satisfied classifying result for both methods. Further explanation indicates the advantage of the second feature vector by simply upgrading the SVM model with the new added transformer data, which is more suitable for diagnosis of actual power transformer faults. Future work is the necessity for further investigation on classifying the extent and location of the winding mechanical deformations.
